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ABSTRACT 
 The metabolic MANET is an online resource that incorporates data from KEGG, SCOP 
and structural phylogenomics. A revised version of MANET was here produced that not only 
uses recent data from KEGG and SCOP, but also evolutionary information of fold families 
derived from structural phylogenomic reconstructions. In addition, a fourth data source, PDBsum, 
has been added to this resource amalgamation, which serves to provide the link between enzyme 
and PDB information. With the introduction of fold family data, the updated version offers a 10-
fold increase of data entries compared to the current version that is based on fold data. The 
global analysis of metabolism at mesonetwork as well as the subnetwork level puts forth 
interesting patterns of enzyme sharing that lend support to the patchwork model of metabolic 
evolution. The sharing patterns we identify are not just restricted to subnetworks. Instead, they 
transcend mesonetwork boundaries. 
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CHAPTER 1: BACKGROUND 
 
Metabolism can be considered the driving force of life. It includes the entire repertoire of 
chemical processes of the living cell. It generates energy by breakdown of nutrients (catabolism) 
and utilizes this energy to create the molecules that are needed for cell survival (anabolism). In 
addition, metabolism encompasses regulation of molecular traffic based on communication 
(signals) at the intracellular and intercellular level. The cell exercises control over these 
metabolic processes by means of enzymes, proteinaceous catalysts that expedite the reactions 
that may not, otherwise, be possible under ordinary cellular conditions.  
 
Enzymes: the fossils of metabolic history 
Enzymes can be thought as remnants of changes occurring in the history of metabolic 
pathways. This is because their 3-dimensional (3D) atomic structures hold strong phylogenetic 
signal, which can be exploited to study metabolic evolution (Kim et al., 2006). The premise that 
follows is that protein structure is highly conserved and best suited for evolutionary studies. This 
is specially so when structure is compared to sequence analysis. Attempts at quantifying this 
claim have yielded substantial evidence in its support. For example, a linear relationship between 
evolution and structure of “domain cores” has been shown (Illergård et al., 2009). The 
conservation of protein structure was found to be three to ten times higher than that of sequence. 
Sequence alterations that induce structural modifications are considered more significant 
compared to mere residue substitutions, which do not affect conserved regions (Illergård et al., 
2009). Consequently, no substantial change in structure is observed. 
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Since virtually all enzymes are proteins, protein structural classifications also apply to the 
structure of enzymes. A protein is primarily composed of peptide chains made of amino acid 
residues that fold into certain 3D conformations rendering stable structural units known as 
domains (Alberts et al. 2002). A domain may be referred to as a “unit” of evolution since this 
particular protein module holds considerable resolving power to dissect protein history. In this 
regard, the Structural Classification of Proteins (SCOP) is a valuable resource that describes a 
four level hierarchy of protein architecture based on domain structures (Murzin et al., 1995): 
 
 Fold Families have proteins grouped together on the basis of a recent common 
ancestral origin; i.e. possess sequence identities of ≥ 30% or with lower identity 
score but higher structural and functional similarity. 
 Fold Superfamilies include fold families that are thought to have a distant 
common evolutionary ancestor based to a certain degree on similarity of function 
and structure. 
 Folds combine superfamilies with a common structural topology. 
 Classes define the broad category of classification based on four major classes 
(all-α, all-β, α/β and α+β) and other minor ones. 
 
Studies conducted at two levels of SCOP structural classification establish that protein 
structural studies are more suited for evolutionary analysis due to the occurrence of a finite set of 
folds in nature compared to innumerable alternatives that exist in the space of possible sequences 
(>10
300-500
). The evolution of the protein world can be studied through the relative spread of 
protein structures in the living world at both the organismal superkingdom and species level 
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(Wang et al., 2007). Such structural phylogenomic approach resolves the history of protein 
structure, which is in harmony with the geological evidence of the prebiotic era and beyond 
(Wang et al., 2011). 
Conventionally, enzymes are classified using a four-digit Enzyme Commission (EC) 
number, a string of numbers separated by periods that describes the chemical reactions catalyzed 
by the individual enzymes. The first digit signifies enzymatic “class”, with the successive three 
digits indicating sub-class, sub sub-class and serial number in that sub sub-class, respectively 
(Webb, 1992). The six broad categories specifying enzymatic class can be defined as: 
 
1. Oxidoreductases (EC 1) catalyze oxidation-reduction reactions, commonly 
identified by the names dehydrogenases or reductases for hydrogen acceptors and 
oxidase, in case of Oxygen acceptors. 
2. Transferases (EC 2) facilitate transfer of chemical functional groups. 
3. Hydrolases (EC 3) help in hydrolytic breakage of certain chemical bond types. 
4. Lyases (EC 4) break bonds, often followed by formation of double bonds or rings. 
5. Isomerases (EC 5) are involved in reactions that induce a structural change in the 
substrate. 
6. Ligases (EC 6) aid in linking of two molecules followed by ATP hydrolysis or a 
similar reaction. 
 
The EC classification is a valuable resource that is manually curated from published 
material. The EC number not only classifies chemical reactions but in most cases is also used 
with associated genes.  Thus, it serves to bridge the genomic and chemical information of the 
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enzymes (Kotera et al., 2004). However, there are enzymes that may be left out due to the 
criterion for enlistment of having published data. In addition, the classification does not account 
for isoenzymes, enzymes with different amino acid residues that catalyze the same reaction 
(McDonald & Tipton, 2014). 
 
Theories of Metabolic Pathway Evolution 
 When studying the evolution of enzymes in metabolic pathways, there are two prominent 
standpoints of evolutionary process: 
1. The retrograde model of metabolic evolution suggests that pathway evolution is 
driven in a backward direction, i.e. the end product of the pathway provides feedback for the 
establishment of the sub-network. For the successful formation of this end product, the enzyme 
that would aid in the transformation from its preceding intermediate would be favored by 
selection and this preference continues backwards until the very first enzyme of the pathway 
(Horowitz, 1945). 
2. A popular hypothesis explaining metabolic pathway evolution is the patchwork or 
the recruitment model. In this model, ancestral enzymes are multifunctional, i.e. they can 
process many substrates but do so with low efficiency. When genes encoding for these 
primordial enzymes are duplicated, their enzymatic products can diverge, increase specificity 
and become tailored to suit the requirements of specific metabolic pathways. In this manner, 
ancestral enzymes diversify and are recruited to many pathways (Jensen, 1976). 
3. Granick (1957) proposed a relatively simple evolutionary model for metabolism. 
This was based on the assumption that simple metabolic reactions were more ancient than the 
complex ones. Therefore, enzymes present at initial steps of a pathway evolved earlier than the 
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ones present in further steps along the pathway. This model is not dependent on availability of 
certain compounds in prebiotic conditions.  
4. Finally, the semienzymatic pathway evolution model postulates that there were 
few stable compounds that could exist in prebiotic conditions leading to “explosive metabolism” 
instead of a metabolism evolving slowly in small increments (Lazcano and Miller, 1996).  
 
Importance of metabolic evolutionary studies 
Studying the evolution of metabolic pathways can have immediate applications in 
biotechnology and bioengineering. Metabolic studies are generally directed at manipulating 
systems to reap full benefits in an industrial context. These practices are collectively known as 
metabolic engineering. Unfortunately, the living system that is being engineered counteracts 
tinkering by resisting change. In due course of evolution, metabolic networks develop the 
capability for this type of resistance via key metabolic nodes that exercise control over the entire 
system, introduce rigidity, and maintain flux equilibrium (Stephanopoulos & Vallino, 1991; 
Stephanopoulos & Sinskey, 1993).  Such constraints of nature must therefore be addressed 
during metabolic engineering in order to optimize metabolism for biotechnological applications. 
This metabolic optimization is likely to be achieved; evolution appears to favor particular 
parameters driving pathways to successful creation of end products (Wiechert, 2002). 
Overcoming evolutionary constraints would help in the creation of better in silico analysis tools, 
which are involved in the initial steps of metabolic engineering designs. Better bioinformatics 
tools and increased data-mining capabilities likely complement this objective for development of 
better models (Yadav et al., 2012). 
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Using structure to dissect metabolic evolution 
The power of phylogeny using protein structure, with reference to metabolic evolution 
models, has been recognized by many studies and highlight significant findings. One such study 
examines the substrate-driven retrograde evolutionary model and the functionality-driven 
patchwork model (Rison & Thornton, 2002). Results reveal that the latter is more prevalent in 
nature and emphasize the fundamental role of protein structure in solving problems associated 
with metabolic pathway evolution. Analyses of the enzymes participating in metabolic pathways 
of Escherichia coli indicate a “mosaic” distribution of domains across the proteome of the last 
common ancestor (Teichmann et al., 2001b). This mosaic is apparent by the spread of 
homologous enzymes across metabolism instead of them being confined to local pathways. 
These homologous enzymes have rather conserved catalytic sites instead of conserved substrate 
recognition (Teichmann et al., 2001a).   
The metabolic MANET initiative is the first of its kind to map evolutionary history of 
enzymes (ancestry values) onto metabolic pathways using information in protein domain 
structure (Kim et al., 2006). It is an amalgamation of biological information drawn from 
metabolic networks defined by the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
(Kanehisa et al., 2004), structural entry identifiers of enzymes from the Protein Data Bank (PDB) 
(Berman et al., 2000), and structural information in the SCOP domain classification (Murzin et 
al., 1995) at the fold level of structural abstraction. The uniqueness of MANET lies in the 
universal and integrative historical associations of enzymes that are made explicit in pathways, 
which supersede local evolutionary views of enzymes in subnetworks or mesonetworks or 
enzymes harboring a related structure. Metabolic MANET showcases metabolic evolution by 
assigning a quantitative measure of ancestry (the age of the folds) to enzymes in pathways. 
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Ancestries can be directly visualized by coloring EC numbers in metabolic diagrams using a red 
to blue coloring scale.  
Pathway colorings in MANET revealed that most subnetworks do not follow Horowitz‟s 
sequential pattern of evolution. Instead, a patchy distribution of enzymes is evident from visual 
inspection of the colored pathways. Thus, the enzyme recruitment model appears to be a 
recurrent theme, which has been made explicit in several investigations (Teichmann et al., 
2001a; Teichmann et al., 2001b; Caetano-Anollés et al., 2007; Caetano-Anollés et al., 2009). 
Additional evidence from preliminary analyses of MANET points toward an ensemble of core 
metabolic reactions and a gradual addition of shells, reaffirming Morowitz‟s concept of 
metabolic evolution (Morowitz, 1999; Kim et al., 2006). Such an assertion is also suggestive of 
metabolism being highly conserved through time. Evidence documented by domain distribution 
analysis of folds and fold superfamilies in the proteomes of organisms from superkingdoms 
Archaea, Bacteria and Eukarya reveals patchwork patterns along with the observation that 
enzymes also diversify their catalytic toolkit by forming domain combinations (Kim et al., 2013). 
Metabolic MANET has found its utility in retrodicting ancestral enzyme functions as 
descriptors of “metaconsensus enzymes” (Goldman et al., 2012), as well as providing insight 
about protein evolution occurring prior to an ancient “RNA World” that developed the modern 
translation system, as opposed to the conventional view by Gilbert and others about the inception 
of RNA molecules before the proteome (Goldman et al., 2010; Gilbert, 1986).  Among the 
earlier folds discovered, nine fold structures have been deemed to be the most common, along 
with the spread of ancestral folds associated with important functionality throughout the core of 
metabolism (Caetano-Anollés et al., 2007). This analysis is also suggestive of extensive 
development of enzymatic capabilities in the beginning era of the protein world.  With the help 
8 
 
of „subnetwork wheels‟, nucleotide metabolism was identified as the most ancient mesonetwork 
of metabolism. Mesonetworks are part of a broader category of classification of metabolic 
pathways that group together similar subnetworks. For example, the “Nucleotide metabolism” 
mesonetwork encompasses the “Purine metabolism” and “Pyrimidine metabolism” subnetwork. 
Some of the very first domain structures were found to be part of the nucleotide synthesizing 
machinery, endorsing the existence of ancient protein domains necessary for constructing 
building blocks of the RNA world that was unfolding (Caetano-Anollés et al., 2007). Early 
appearing superfamilies are heavily dominated by the presence of metabolic enzymes (Caetano-
Anollés & Caetano-Anollés, 2002; Nasir et al., 2011). These results support a “metabolism-first” 
model of protein evolution, which is also supported at the most evolutionarily relevant 
hierarchical level of protein architecture, the fold family, supplementing the claim that the 
nucleotide metabolic pathway is one if not the most ancient of all metabolic subnetworks 
(Caetano-Anollés & Caetano-Anollés, 2013). Remarkably, the unfolding of purine metabolic 
pathways appears compatible with the slow replacement of prebiotic chemistries by protein 
enzyme catalyzed reactions. 
 
Rationale for the update of metabolic MANET 
The phylogenomic analysis of fold superfamilies, one step down the hierarchy of SCOP, 
shows a greater number of early appearing domains involved in metabolic functions. This 
strengthens the claims for the “metabolism-first” point of view and the rather late development 
of the translation system (Nasir et al., 2011; Caetano-Anollés et al., 2011). The focus on domain 
structure therefore highlights the importance of exploring evolutionary origins and the 
opportunity that structural phylogenomics provides to make retrodictive statements of history.  
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In contrast with fold superfamilies and folds, the evolutionary relatedness of fold families 
can be derived directly from protein sequences, sometimes without invoking the structure and 
function of the molecules (Kim & Caetano-Anollés, 2012). In addition, fold families are an 
embodiment of domain functionality. This helps in the assignment of features of sequence, 
structure and function to domains when these are traced along the evolutionary timeline that 
describes protein history. Thus, fold families reap the benefits of protein structure by 
encompassing deep evolutionary views and the benefits of protein sequence by enabling 
unequivocal assignments of molecular functions. The current version of MANET is based on 
fold history of domains. Its use to dissect processes of recruitment in evolution requires novel 
approaches that integrate different kinds of data (Caetano-Anollés et al., 2007). A focus on lower 
levels of SCOP classification solves this problem by providing the most effective evolutionary 
context.   
Mapping of fold family ancestry to metabolic enzymes has already revealed evolutionary 
patterns that are compatible with evolutionary models. Recovered phylogenies are in accordance 
with Morowitz‟s shell hypothesis as well as the recurrent patchy distribution of domains in 
enzymes (Kim et al., 2012). A notable observation of the origin of the protein world is the 
remarkable accumulation of domain structures in the evolutionary timeline and the appearance of 
aerobic metabolism late in evolution, ~400 millions years before the great oxygenation event that 
occurred 2.45 billion years (Gyr) ago. 
Fold family analysis removes the obscurity surrounding the association of folds to 
ancestry and molecular function. In pursuit of deciphering the deeply embedded phylogenetic 
signal of metabolic enzymes, the data mining of the purine metabolism provided fundamental 
insight into the world of nucleotide metabolic processes (Caetano-Anollés & Caetano-Anollés, 
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2013). This study highlights the importance of refining accuracy for origin of life studies and 
opens up a plethora of opportunities for exploration of other subnetwork analyses. The updated 
metabolic MANET at the fold family level of structural hierarchy will now make studies at this 
larger magnitude possible. 
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CHAPTER 2: METHODS 
 
Data sources 
The requisite data were drawn from four sources: 
1. The Kyoto Encyclopedia of Genes and Genomes (KEGG) was used to derive pathway 
and enzyme related information. KEGG is a compendium of biological information depicting 
interaction at various levels of cell functionality i.e. from molecular to the network level 
(Kanehisa et al., 2004). The KEGG „Enzyme‟ database contains Enzyme Commission (EC) 
information, hence its flat file was used to extract enzyme-pathway associations. The KEGG 
„Genes‟ database lists genes from all sequenced genomes, publicly released by RefSeq (Tatusova 
et al., 2014), thus amino acid sequences for enzymes were supplied from its flat file. The 
pathway atlas page was used to gather pathway information of mesonetworks exclusive to 
metabolism. The KEGG „Pathway‟ provides manually drawn images based on connectivity of 
biological molecules and substrates. Maps mentioned under the broad category of „Metabolism‟ 
were retrieved in Portable Network Graphics (PNG) image format. A PNG image format ensures 
a lossless compression of the file (Boutell et al., 1997). Apart from the PNG files, the 
corresponding „conf‟ files were also acquired since they coordinate information of pathway 
elements of the particular map. These data files brought forth the „chemical‟ (Enzyme), „genomic‟ 
(Genes) and „systems‟ (Pathway) view of the information in the KEGG database. 
 
2. The Structural Classification of Proteins (SCOP) database uses a hierarchical system of 
classification based on domains, the structural unit of proteins (Murzin et al., 1995). The Protein 
Data Bank (PDB) information linked to fold family information was taken from the latest release 
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of SCOP, version 1.75, which was made available in 2009 („dir.des.scop.txt_1.75‟). This release 
encompasses 38,221 PDB entries and 110,800 domains associated with 1,195 folds, 1,962 fold 
superfamilies and 3,902 fold families. SCOP data provides „structural‟ definitions for 
phylogenetic analysis.  
 
3. Phylogenomic information for fold family ancestry values was obtained from the dataset 
used by Kim et al. (2012) to construct a global phylogenomic tree of domains derived from an 
analysis of 989 proteomes. In phylogenomics, a tree is constructed based on data that provides 
classifying features (characters) with discrete values (character states) that tell the history of that 
taxonomic group (taxa) (Delsuc et al., 2005). First, fold families were assigned to the respective 
proteomes using HMM methods over values from the SUPERFAMILY, a database consisting of 
HMM profiles of domains in SCOP at the superfamily as well as fold family level (Gough & 
Chothia, 2002). Genomic abundance (g) values (presence of domains in a proteome) were 
calculated and normalized for each of the fold families in order to construct a data matrix. The 
rows of the matrix refer to the taxa, i.e. fold families, while the columns represent characters, i.e. 
proteomes. The character states are defined by an alphanumeric format, starting from numbers 
(0-9) to alphabets (A-N). These character states were polarized, with „N‟ representing the most 
ancient state and „0‟ the most recent one. This data matrix was then used for phylogenomic 
reconstruction of the tree of domains using PAUP* and maximum parsimony as the optimality 
criterion (Swofford, 2002). The basic assumption for determining age is that the most abundant 
domains are the most ancient ones with maximum character state. From the tree of domains, the 
age of the fold family was calculated in terms of a „node distance‟ (nd) value. The nd distance is 
calculated as the number of internal nodes between the root node of the tree and the terminal 
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node of that particular fold family, on a scale of 0 to 1, with 0 signifying the most ancient and „1‟ 
as most recent (Kim et al., 2012).  
 
4. PDBSum is a protein structure resource imparting elaborate information of 3D PDB 
structures of metabolic enzymes (Laskowski et al., 2005). We used PDBsum as an additional 
data source since the KEGG Enzyme flat file no longer has PDB information for enzymes. 
Therefore, the Enzyme Structure Database, a component of PDBsum, bridges the gap between 
PDB and EC numbers. This information is contained in the „pdb_EC‟ file for enzymes at all four 
EC levels. 
 
Data Processing 
The data collected was processed via programming techniques and the relevant software 
tailored to the specific needs of the implementation of MANET. The scripts used for parsing the 
flat files were written in Python. The EC number of enzymes along with their occurrence in their 
respective metabolic pathways was parsed from the KEGG Enzyme flat file. The genes files 
were used to obtain amino acid sequences, the respective EC numbers and gene identifiers (IDs). 
The metabolic subnetwork IDs and names along with their classification into broader 
mesonetwork name and IDs were taken from the pathway atlas html page. Fold family values, 
class IDs and the information for their associated crystallographic structural entries in PDB were 
retrieved from the SCOP flat file. The EC numbers along with the PDB IDs were extracted from 
the enzyme structure database flat file. Classifications up to the fourth EC level were considered 
for the construction of MANET. The fold families contained in the phylogenomic data file were 
assigned hexadecimal colors and equivalent RGB colors for preparing the actual file to be loaded 
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into the database. Similarly, the conf files were parsed to produce relevant outputs for the 
purposes of image painting and web interface support, as later described. 
 
Database Design and Implementation 
The database and its relations were implemented using MySQL based on the Entity 
Relationship diagram, the simplified version of which is outlined in Fig. 2.1. After processing the 
files from the four data sources, information from KEGG, PDBsum, SCOP and the 
phylogenomic dataset were uploaded into the relations, „path‟, „pdb‟, „scop‟ and 
„phylogenomic_data‟, respectively.  
By using join operations in MySQL, the information from these four tables was 
integrated to link pathways, enzymes, associated crystallographic structure entries and fold 
family classification into a single relation, which formed the core of metabolic MANET (Fig. 
2.1). Along with this, a separate relation was created to act as a repository for the amino acid 
sequence information retrieved from the Genes data file. The information derived from the 
pathways atlas html page containing names of subnetworks with their map IDs as well as their 
mesonetwork affiliation, were recorded in another relation as well.  
 
Hidden Markov Model (HMM) based Fold Family Assignment 
Not all enzymes present in the database relations representing the core of MANET had 
PDB or SCOP information annotated in the data sources. Consequently, only about a half of 
enzymes in metabolic pathways were mapped in the initial join processes of building MANET. 
In order to increase the enzyme coverage, fold family assignments based on HMMs were 
calculated. SUPERFAMILY was scanned with the help of HMMER, a powerful alignment tool 
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(Gough & Chothia, 2002; Eddy, 2011).  The amino acid sequences of all such enzymes lacking 
PDB and SCOP information were retrieved and used as input for HMMER for processing using 
twelve computing cores of one of the nodes of the Taub campus cluster of the University of 
Illinois (https://campuscluster.illinois.edu/). The threshold e-value for scanning SUPERFAMILY 
was set to 0.0001. The output yielded an assignment file containing the superfamily and fold 
family IDs found to be matching the profiles of sequences that were used as input. 
 
Image painting 
In order to provide a visual representation of the data in metabolic MANET, ancestry 
values of fold families linked to the enzymes were literally painted onto the KEGG maps. The 
colors denoting ancestry values were in accordance to the scheme of the previous version of 
MANET (Kim et al., 2006). The gradient scale of colors comprised 12 categories, with red 
signifying the most ancient and blue indicating the most recent nd value. Firstly, the enzyme x 
and y coordinates were recorded per map, via parsing of the respective conf files of that image 
png file. In addition to this, color charts were created for each individual map by querying, 
importing and parsing the enzymes, color values and number of domains from the MANET data 
tables. Then, the images from the „Pathway‟ database of KEGG were batch-processed to achieve 
background transparency via shell scripting and the use of ImageMagick® software 
(ImageMagick Studio, L. L. C., 2012). Finally, the color chart, conf and png files were supplied 
as input to our python script utilizing the graphics potential of the Python Imaging Library 
(Lundh & Ellis, 2012). This process yielded the maps painted with the relevant ancestry 
information available in metabolic MANET. 
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Interface Design 
The web design and interface of metabolic MANET was developed using PHP according 
to the original design of the database webpage. This PHP interface is enabled to communicate 
with the MySQL backend hosting the metabolic MANET database. The pathway maps showcase 
not only the painted images denoting ancestry but are interactive as well. This has been achieved 
by parsing „image maps‟ from conf files producing „inc‟ files as output, thereby, linking the 
enzymes and metabolites to the relevant KEGG resources. The „inc‟ file extension serves to 
indicate the php interpreter to include these files to the php page containing the function call for 
opening this file. The website offers an easy-to-use user interface, with two main features: search 
engine and maps. The search engine works by facilitating searches by EC number, PDB ID, 
SCOP fold family class or the pathway name. The maps contained in the pathways link are 
categorized by their respective mesonetwork, providing a visualization of the embedded 
ancestral data in the subnetworks.  
 
The Revised metabolic MANET Resource 
 The online metabolic MANET resource implements a search functionality as well as an 
index for the maps it includes (Fig. 2.2). The subnetworks contained in MANET have been 
colored according to ancestry of the constituent domain of the enzyme, red representing the most 
ancestral, to violet representing most recent domain (Fig. 2.3 & Fig. 2.4). The search engine 
feature of the metabolic MANET allows searching for terms pertaining to enzymes, PDB entries, 
SCOP domains and pathways associated with metabolism (Fig. 2.5). The results are tabulated, 
including the enzyme, PDB, SCOP and pathway information, along with occurrences of the 
domain and its corresponding nd value, for the enzymes appearing in the pathway.  
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Network Construction and Analysis 
In order to capture the essence of network principles rooted in the mesonetworks and 
subnetworks of metabolism, bipartite networks were constructed from enzyme and pathway data 
of the new metabolic MANET as enzymes and pathways are traced along the evolutionary 
timeline. These networks explore global connectivity patterns and metrics of enzyme sharing 
with the help of the network analysis software Pajek (Batagelj & Mrvar, 2001). One bipartite 
network was mapped at the mesonetwork level and the other one at the subnetwork level. From 
the mesonetwork-enzyme bipartite graph, the mesonetwork one-mode graph was extracted to 
visualize enzyme-sharing patterns, while the bipartite graph itself was used to exhibit spread of 
enzyme ancestry across mesonetworks at different nd values along the evolutionary timeline.  
The other bipartite graph between subnetworks and enzymes was used to extract one-
mode subnetwork graphs to analyze enzyme sharing patterns as well as exploring clustering by 
the hierarchical clustering algorithm implemented in Pajek. The one-mode enzyme graph of this 
bipartite network was studied with network metrics that would offer clues about potential 
network drivers such as the random, small network or preferential attachment phenomenon of 
connectivity. These network metrics included degree distribution, betweenness, closeness, 
clustering coefficient and average path length. All of these statistics were obtained using built-in 
functions in Pajek. Metric outputs were analyzed using the R statistical programming language 
(R Core Team, 2014). 
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Figure 2.1. Simplified representation of the Entity Relationship Model of the new version of 
metabolic MANET. 
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Figure 2.2. The pathways map index of the metabolic MANET. 
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Figure 2.3. The “Purine metabolism” pathway in the revised metabolic MANET. The enzymes 
are colored in accordance with the ancestry of their domains on a color scale of red (most 
ancient) to violet (most recent). The elements of the map are hyperlinked to the relevant 
information contained in KEGG. 
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Figure 2.4. The “Pyrimidine metabolism” pathway in the revised metabolic MANET. The 
enzymes are colored in accordance with the ancestry of their domains on a color scale of red 
(most ancient) to violet (most recent). The elements of the map are hyperlinked to the relevant 
information contained in KEGG. 
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Figure 2.5. The search engine functionality in the revised metabolic MANET. The search term is 
entered in the „Keywords‟ field, followed by choosing the relevant classification of the search 
term from the „Option‟ field: „Enzyme‟ for EC number, „PDB‟ for PDB ID, „SCOP‟ for SCOP 
fold family domain name and „Pathway‟ for the subnetwork name. The results are displayed in 
tabulated form (inset). 
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CHAPTER 3: RESULTS 
 
Database statistics 
 The original metabolic MANET database (versions 1 and 2) traces the age of enzyme 
domains defined at the fold level of the SCOP classification (Kim et al. 2006). The revised 
metabolic MANET database (version 3) uses instead ages of domains defined at fold family level. 
Fold family data was obtained from a global phylogenomic timeline generated from an analysis 
of 989 proteomes (Kim et al., 2012). The most revised form of this dataset contains 3,513 fold 
families, compared to the original census of 2,493 families used by Kim et al. (2006), covering 
about 90% of the fold families present in SCOP version 1.75. From this dataset, 1,610 fold 
families were mapped onto enzymes in the metabolic pathways. The updated metabolic MANET 
database includes 240,348 entries. This represents about a 10-fold increase in the number of 
entries of the preceding version.  
A total of 21,980 PDB entries are linked to enzymatic and ancestry information, which 
previously involved 6,552 PDB entries. Consequently, 919 enzymes with crystallographic 
information were covered in the new version, amounting to 32.05% of enzymes from the total 
KEGG enzymes that are associated with pathways. These enzymes were classified up to all four 
EC levels. SUPERFAMILY HMMER assignments raised this coverage to 67.14%, a value 
significantly higher than its predecessor (62.28%). Hence, the total number of enzymes covered 
in MANET is 1,925, out of 2,867 enzymes associated with KEGG metabolic pathways, 
excluding those that are not connected to pathways. 
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Painting efficiency 
The metabolic MANET database covers enzyme data in 148 subnetworks of the 151 total 
metabolic subnetworks associated with enzymes in KEGG. This indicates 98.01% subnetwork 
coverage with individual painting efficiencies outlined in Table A.1. There are eleven 
mesonetworks that have been covered by MANET, namely, “Amino acid metabolism”(AAM), 
Biosynthesis of other secondary metabolites” (BSM), “Carbohydrate metabolism” (CAM), 
“Energy metabolism” (ENM), “Glycan biosynthesis and metabolism” (GBM), “Lipid 
metabolism” (LIM), “Metabolism of cofactors and vitamins” (MCV), “Metabolism of other 
amino acids” (OAA), “Metabolism of terpenoids and polyketides” (MTP), “Nucleotide 
metabolism” (NUM), and “Xenobiotics biodegradation and metabolism” (XBM) (Table 3.1).  
The average painting coverage in subnetworks was 72.68%, with median and mode 
values of 77.53% and 100%, respectively (Fig 3.1; Table A.1). This coverage ranges from 8.33% 
for the “Butirosin and neomycin biosynthesis subnetwork” from BSM, to 100% for the 22 
subnetworks from various mesonetworks; namely, seven from XBM, three each from BSM, and 
LIM, two each from ENM, GBM and MTP, and one each from CAM, MCV and OOA. 
There were four subnetworks out of 148 that were covered in the metabolic MANET 
database but not in pathway maps, since KEGG maps lacked coordinate information for those 
images. These subnetworks include the “Other glycan degradation”, “Other types of O-glycan 
biosynthesis”, “Glycosaminoglycan biosynthesis – KS” and “Glucosinolate biosynthesis” 
pathways. The three subnetworks that were not covered in metabolic MANET out of the total 
151 KEGG metabolic pathways are “Aflatoxin biosynthesis”, “Furfural degradation” and 
“Brassinosteroid biosynthesis” pathways, belonging to the BSM, XBM and MTP, respectively. 
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Mesonetwork-Enzyme Bipartite Network Analysis 
 In order to obtain a global view of enzyme sharing and assess recruitment of enzymes 
across metabolism, we analyzed metabolic networks using a bipartite network framework. We 
constructed an undirected bipartite network, representing the 11 categories of mesonetworks and 
the associated enzymes (Fig 3.3) as vertices. Consequently, two mesonetworks were linked via 
edges to their common enzymes. The number of enzymes connected to mesonetworks ranged 
from 489 and 419, which belonged to the carbohydrate and amino acid mesonetworks (CAM and 
AAM), to 110, observed for the glycan mesonetwork (GBM) (Fig. 3.2). The rest of the 
mesonetworks showed intermediate levels of enzyme connectivity; 258, 220, 188, 179, 133, 127, 
118 and 116 enzymes for MCV, LIM, ENM, XBM, NUM, OAA, BSM and MTP, respectively. 
 We traced the age of domains in the bipartite networks. In these analyses, we considered 
that the age of first appearance of an enzyme in a mesonetwork is the age of the oldest domain of 
that enzyme. Our analyses identified a burst of appearance of domains associated with enzymes 
very early in the timeline, at age nd = 0.1, followed by a sharp decline in appearance of new 
domains (Fig 3.4). This was followed later on by another boost of new domains at nd = 0.7. 
Remarkably, enzymes of the carbohydrate and amino acid mesonetworks (CAM and AAM) 
dominated the most ancient era (nd = 0.1). This trend maintains for all nd eras (0.1 bins of nd 
value), except at nd = 1 and nd = 0.2 where metabolisms of lipids (LIM) and cofactors and 
vitamins (MCV) had the most number of enzymes, respectively. The domination of ancestral 
enzymes from the nd = 0.1 era can be observed in Fig 3.6, which offers the color-coded 
visualization of enzymes of the same bipartite network of Fig 3.3. The dense sharing of enzymes 
among the carbohydrate, energy and amino acid mesonetworks (CAM, ENM, AAM) is evident 
as well.  
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 A one-mode network of mesonetworks was extracted from this bipartite network to 
obtain a clearer perspective of connectivity and recruitment patterns at different nd values of the 
evolutionary timeline. The nodes represent the mesonetworks while the edge thickness 
correspond to the number of enzymes shared among them. The very early eras (nd = 0.1 to nd = 
0.3) show strong enzymatic sharing between the carbohydrate and energy mesonetworks (CAM, 
ENM). This communal sharing later on includes the amino acid mesonetwork (AAM). At nd = 
0.4, enzymatic sharing between these three mesonetworks is extended to the xenobiotics 
mesonetwork (XBM). In addition, an increase in sharing of enzymes occurs between the 
mesonetworks of metabolism of nucleotides (NUM) and other amino acids (OAA), at nd = 0.5 
onward. At this stage, a relatively strong sharing pattern has been established between the amino 
acid (AAM) and the secondary metabolite mesonetwork (BSM) as well. By nd = 0.8, the 
mesonetwork of cofactors and vitamins (MCV) has also developed strong sharing linkages with 
the lipid, carbohydrate, amino acid, nucleotide and xenobiotic mesonetworks (LIM, CAM, AAM, 
NUM, XBM). 
  
Subnetwork-Enzyme Bipartite Network Analysis 
 The mesonetwork-enzyme bipartite network provided clues that a patchy evolutionary 
model is at work. In order to make this explicit and dissect this recruitment of enzymes, we 
created a bipartite network at the lower level, i.e. at the subnetwork level. A bipartite network 
based on subnetworks of the mesonetworks was created with each of them connected via 
common enzyme nodes. We used one-mode networks to analyze connectivity of subnetworks 
and enzymes.  
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1. Subnetwork One-mode Network 
A one-mode network of subnetworks was extracted to create a subnetwork-focused view 
of the bipartite network in which the vertices denote subnetworks (Fig. 3.8). The number of 
shared enzymes is depicted by edge thickness, colored in greyscale from highest (black) to 
lowest (white) levels of enzymatic sharing in the network. At nd = 0.1 there were only 122 
subnetworks present in the graph, based on the pathways represented in metabolic MANET (Fig 
B.1). This suggests that most ancestral enzymes of these respective pathways appeared at that 
very early evolutionary time.  
Many subnetworks from the secondary metabolite mesonetwork (MSM) were introduced 
at later phases along the timeline. The oldest enzymes from “Glucosinolate biosynthesis” 
(MSM00966) appeared at nd = 0.2 (Fig. B.2). At nd = 0.3 (Fig. B.3), five pathways were 
introduced, namely, “beta-lactam resistance” (MSM00312), “Benzoxazinoid biosynthesis” 
(MSM00402), “Anthocyanin biosynthesis” (MSM00942), “Flavone and flavonol biosynthesis” 
(MSM00944) and “Stilbenoid, diarylheptanoid and gingerol biosynthesis” (MSM00945). The 
“Butirosin and neomycin biosynthesis” (MSM00524) and “Puromycin biosynthesis” 
(MSM00231) pathways were initiated at nd = 0.4 and nd = 0.6 (Fig. B.4 and Fig. B.6), 
respectively. Later on, the “Indole alkaloid biosynthesis” (MSM00901) and “Betalain 
biosynthesis” (MSM00965) subnetworks made their appearance at nd = 0.7 (Fig. B.7).  
The glycan mesonetwork (GBM) also showed enzymatic accretions after nd = 0.1 (Fig. 
B.1), with the “Glycosaminoglycan biosynthesis - heparan sulfate / heparin” (GBM00534) 
pathway appearing at nd = 0.2 (Fig. B.2). The subnetworks “Other types of O-glycan 
biosynthesis” (GBM00514) and “Glycosylphosphatidylinositol (GPI)-anchor biosynthesis” 
(GBM00563) appeared at nd = 0.4 (Fig. B.4). At nd = 0.7 (Fig. B.7), “Glycosphingolipid 
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biosynthesis - lacto and neolacto series” (GBM00601) and “Mucin type O-Glycan biosynthesis” 
(GBM00512) were introduced in the graph. 
Additions to the xenobiotics mesonetwork (XBM) included the subnetworks 
“Nitrotoluene degradation” (XBM00633), “Bisphenol degradation” (XBM00363) and “DDT 
degradation” (XBM00351) at nd ages of 0.2, 0.3 and 1 (Fig. B.2, Fig. B.3 and Fig. 3.8), 
respectively. The terpenoid and polyketide mesonetwork (MTP) had the subnetworks 
“Sesquiterpenoid and triterpenoid biosynthesis” (MTP00909) and “Biosynthesis of type II 
polyketide products” (MTP01057)  added at nd = 0.7 (Fig. B.7), followed by the Insect hormone 
biosynthesis (XBM00981) at nd = 0.8 (Fig. B.8). The subnetworks “Linoleic acid metabolism” 
(XBM00591), “D-Alanine metabolism” (XBM00473) and “Lipoic acid metabolism” 
(XBM00785) were added at nd = 0.2 (Fig. B.2). They belong to the lipid (LIM), other amino 
acids (OAA) and cofactors and vitamins (MCV) mesonetworks, respectively. 
 
Connectivity 
The network in Fig 3.9 shows a reduced representation of the actual one-mode graph at 
nd = 1, in which nodes with lesser degree centrality and consequently with lower sharing 
frequency were removed for purposes of clarity. The highest amount of enzyme sharing takes 
place between the purine (NUM00230) and pyrimidine (NUM00240) metabolism subnetworks 
of the nucleotide mesonetwork (NUM), the latter sharing a significant number of enzymes with 
their common neighbor “Drug Metabolism - other enzymes” (XBM00983) from the xenobiotics 
mesonetwork (XBM). The “beta-Alanine metabolism” subnetwork (OAA00410) belonging to 
the other amino acid metabolism mesonetwork (OAA), also exhibits high amount of enzyme 
sharing and the subnetworks involved in the connections include “Arginine and proline 
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metabolism” (AAM00330) and “Valine, leucine and isoleucine degradation” (AAM00280) from 
the amino acid mesonetwork (AAM), “Propanoate metabolism” (CAM00640) from the 
carbohydrate mesonetwork (CAM), “Pantothenate and CoA biosynthesis” (MCV00770) from the 
cofactors and vitamins mesonetwork (MCV), other than the “Pyrimidine metabolism” 
(NUM00240) subnetwork.  
The “Pyruvate metabolism” (CAM00620) of the carbohydrate mesonetwork (CAM) 
possesses a high sharing frequency with subnetworks “Citric Cycle/TCA” (CAM00020), 
“Glycolysis/Gluconeogenesis” (CAM00010), “Propanoate metabolism” (CAM00640) and 
“Glyoxylate and dicarboxylate metabolism” (CAM00630). In addition to these subnetworks, it 
shares enzymes with the “Carbon fixation pathways” (ENM00710 and ENM00720) and 
“Methane metabolism” (ENM00680) subnetworks of the energy mesonetwork (ENM). The 
subnetwork “Glycolysis/Gluconeogenesis” (CAM00010) has exchange of enzymes with 
subnetworks from its parent mesonetwork, in addition to “Carbon fixation pathways” 
(ENM00710) and “Methane metabolism” (ENM00680) from the energy mesonetwork (ENM) 
and “Glycine, serine and threonine metabolism” (AAM00260) from the amino acid mesonetwork 
(AAM). The bulk of the subnetworks from the amino acid mesonetwork shares enzymes among 
themselves and with those of the lipid mesonetwork.  
Remarkably, there are subnetworks that do not show enzyme sharing at all (not shown in 
the diagram).  The majority of these subnetworks were from the terpernoids and polyketides 
mesonetwork (MTP), namely, “Zeatin biosynthesis” (MTP00908), “Insect hormone biosynthesis” 
(MTP00981), “Biosynthesis of type II polyketide products” (MTP01057), “Biosynthesis of 12-, 
14- and 16-membered macrolides” (MTP00522), “Diterpenoid biosynthesis” (MTP00904) and 
“Carotenoid biosynthesis” (MTP00906). “Benzoxazinoid biosynthesis” (MSM00402), 
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“Puromycin biosynthesis” (MSM00231), “Clavulanic acid biosynthesis” (MSM00331) and 
“Anthocyanin biosynthesis” (MSM00942) subnetworks from the secondary metabolites 
mesonetwork (MSM) were also included in this category. Few other subnetworks that had no 
enzyme sharing were “Glycosylphosphatidylinositol (GPI)-anchor biosynthesis” (GBM00563) 
and “Lipopolysaccharide biosynthesis” (GBM00540) from the glycan mesonetwork (GBM), 
“Bisphenol degradation” (XBM00363) and “DDT degradation” (XBM00351) from the 
xenobiotics mesonetwork (XBM) and “Lipoic acid metabolism” (MCV00785) from the cofactors 
and vitamins mesonetwork (MCV). 
 
Hierarchical Clustering  
The patterns of connectivity noted above can be observed in the dendrogram (Fig. 3.10) 
and adjacency matrix (Fig 3.11) obtained using Pajek‟s in-built implementation of the Ward‟s 
method for hierarchical clustering (Ward, 1963). We chose Euclidean distances to calculate 
dissimilarity scores with „1‟ as p value for generating the adjacency matrix. This method 
clustered all those vertices together that exhibit structural equivalence, i.e. have almost identical 
ties with themselves and with others. A quick visual inspection of the dendrogram points to three 
major network subdivisions, in accordance with the connectivity patterns that depict the dense, 
virtually zero and sparse sharing clusters. We divided the clusters of this ancestry-based network 
into 11 partitions to note if the subnetworks have a tendency to cluster back into their metabolic 
classifications. Except for the nucleotide metabolism mesonetwork (NUM) and a few 
subnetworks from the carbohydrate (CAM) and xenobiotics (XBM) mesonetworks, the rest of 
the subnetworks had a tendency to be clustered in a heterogeneous fashion. 
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2. Enzyme One-mode Network 
The enzyme one-mode network describes how subnetworks that share those enzymes 
connect. In these representations, vertices as enzymes and edges are subnetworks. Given the 
large number enzymes, it is therefore difficult to visualize patterns in this network. Consequently, 
we computed cohesion and centrality metrics to decipher the density and patterns of connectivity. 
 
Cohesion  
 We computed metrics of cohesion in order to assess the network topology in terms of the 
underlying evolutionary drivers that follow either the Random, Small World or Scale-free 
phenomenon (Erdős & Rényi, 1959; Watts & Strogatz, 1998; Barabási & Albert, 1999). For 
Small World network assessment, we plotted the average clustering coefficient (connectivity of 
neighbors of a node) along with the average path length of the largest connected component (Fig. 
3.12). The diameter remained consistent at a value of 7, at all the ten nd eras for which the 
observations were recorded.  
When compared to a random network, a higher clustering coefficient and a lower average 
path length characterizes the Small World phenomenon. While the clustering coefficient steadily 
increases along the timeline, the average path length rises and falls at different points. This 
particular network may not exhibit these properties for all nd values. However, points of special 
interest are at nd = 0.2 and nd = 0.9, where the plummet in the average path length and steady 
increase in the clustering coefficient is evident. 
  In order to investigate if the preferential attachment mechanism is at play in the network, 
we constructed log-log plots (Fig 3.13) using the power.law.fit function from igraph (Csardi & 
Nepusz, 2006). This power.law.fit function tests the likelihood of parameters by using the 
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Kolmogorov Smirnov test. Lower values of the Kolmogorov Smirnov test statistic (KS.stat) and 
higher p-values suggest a good fit. A p-value of less than 0.05 rejects the premise that a 
particular distribution follows a power law. The log likelihood (logLik) is calculated for the 
fitted parameters whose value falls in the range of 0 to 1. A value closer to 0 (log of 1) for logLik 
reflects that the parameters are a better fit for the set of observations. A network should have the 
power-law exponent value (alpha) falling between 2 and 3 but in the case of the subnetwork 
graph the exponents lie between 4.1 and 5.7 at various nd points, with reasonable values for the 
Kolmogorov Smirnov test statistic and p-values (Table 3.2). This is apparent from the log-log 
plots that show the tails decaying faster than a power law distribution would. 
 
Centrality 
 We calculated centrality measures for the enzyme one-mode network to identify the key 
players of the network. These measures include degree, closeness and betweenness centralities. 
A degree centrality simply quantifies the total number of connections of a particular node (in an 
undirected graph). Betweenness centrality suggests brokerage roles of a node as they lie on the 
most number of shortest paths in the network. Closeness centrality measures are indicative of 
local influence compared to betweenness centrality, since closeness tells us about how well are 
the neighbors of the node connected. At all nd values, EC 1.2.1.3 appears to be the most popular 
and “powerful” node in the network for all the centralities measured. The enzyme EC 1.2.1.3, 
belonging to the oxidoreductase class, is an aldehyde dehydrogenase acting on aldehyde, NAD+ 
and water to produce carboxylate, NADH and protons (KEGG, 2014). In terms of highest 
connectivity, enoyl-CoA hydratase (EC 4.2.1.17) and acetyl-CoA C-acetyltransferase (EC 
2.3.1.9) have been found to be interchangeably on the 2
nd
 and 3
rd
 ranks (KEGG, 2014). For 
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closeness measures, the 2
nd
 and 3
rd
 ranks are dominated by aspartate transaminase (EC 2.6.1.1), 
dihydrolipoyl dehydrogenase (EC 1.8.1.4), alcohol dehydrogenase (EC 1.1.1.1) and glucose 
phosphomutase (EC 5.4.2.2) (KEGG, 2014). Betweenness centrality has enoyl-CoA hydratase 
(EC 4.2.1.17) and glucuronosyltransferase (EC 2.4.1.17) occupying 2
nd
 and 3
rd
 ranks until nd = 
0.6, interchange at nd = 0.7 and then acetyl-CoA C-acetyltransferase (EC 2.3.1.9) briefly 
occupies the 3
rd
 rank before EC 2.4.1.17 replaces it at nd = 1.  
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Mesonetwork 
KEGG 
Subnetworks 
MANET 
Subnetworks 
Amino acid metabolism (AAM) 13 13 
Biosynthesis of other secondary metabolites (BSM) 22 21 
Carbohydrate metabolism (CAM) 15 15 
Energy metabolism (ENM) 7 7 
Glycan biosynthesis and metabolism (GBM) 15 15 
Lipid metabolism (LIM) 17 17 
Metabolism of cofactors and vitamins (MCV) 12 12 
Metabolism of other amino acids (OAA) 9 9 
Metabolism of terpenoids and polyketides (MTP) 17 16 
Nucleotide metabolism (NUM) 2 2 
Xenobiotics biodegradation and metabolism (XBM) 22 21 
Total 151 148 
 
Table 3.1. Number of subnetworks associated with enzymes in KEGG and MANET expressed 
per mesonetwork. 
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Figure 3.1. Painting efficiency of the subnetworks from MANET and KEGG. The x-axis 
represents the subnetwork number, while the y-axis (left) denotes number of enzymes per 
subnetwork. The y-axis (right) indicates percentage trend of the coverage. 
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Figure 3.2.  Plot showing enzyme distribution (y-axis) per mesonetwork (x-axis). 
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Figure 3.3.  A Bipartite graph at nd=1.0 showing connectivity among mesonetworks via shared enzymes. Prominent vertices denote 
mesonetworks with their size relative to their degree centrality while the smaller vertices represent enzymes. 
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Figure 3.4. Distribution of enzymes containing domains that appear at that particular nd value 
(y-axis) from „0‟ (most ancient) to „1‟ (most recent) era of phylogenomic distribution of fold 
families. 
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Figure 3.5. A bar chart explaining enzyme distribution per mesonetwork in each nd era 
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Figure 3.6. A bipartite graph of mesonetworks and enzymes at nd=1.0, showing enzymes by nd distribution denoted from a scale of 
red to violet denoting ancestral to recent fold family domains. Vertices in black indicate mesonetworks while colored nodes indicate 
enzymes. 
 
 
41 
 
 
Figure 3.7. Connectivity patterns among mesonetworks at different points in the evolutionary 
timeline. Vertices represent mesonetworks while edge thickness denotes the number of enzymes 
shared. Carbohy, Carbohydrate; Vita, Vitamin; Xenobio, Xenobiotics; Secon. Metab., Secondary 
Metabolites; Ter. & Poly., Terpenoids & polyketides; AA, Amino Acid; Nucleo, Nucleotides. 
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Figure 3.8.  Present connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network 
at nd = 1 after development of connections across different nd values (Appendix B). 
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Figure 3.9. A reduced representation of the major vertices in subnetwork network extracted from the subnetwork-enzyme bipartite 
network at nd=1.0. The edge connectivity indicates enzyme sharing with greyscale values denoting the number of enzymes among the 
subnetworks (legend in Table C.1).  
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Figure 3.10. Dendrogram of the subnetwork one-mode network obtained after applying hierarchical clustering. 
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Figure 3.11. Adjacency matrix for the hierarchical clustering of the metabolic subnetworks one-
mode network. Same values on each side of the diagonal indicate it is symmetrical. Value of ties 
are represented by a cell and indicated in greyscale (white to black, no sharing versus the most 
sharing respectively) 
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Figure 3.12. A graph plotting clustering coefficient (right y-axis) with the average path length 
(left y-axis) of the largest connected component at different nd values (x-axis) for the enzyme 
one-mode network.  
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Figure 3.13. A series of log-log plots derived from the power-law fitting function in R for the enzyme one-mode network at different 
nd values. 
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nd alpha xmin logLik KS.stat KS.p 
0.1 5.080671 54 -160.385 0.091197 0.875938 
0.2 4.81849 53 -601.869 0.075436 0.34097 
0.3 5.388314 101 -143.849 0.073326 0.994314 
0.4 4.367111 63 -8.69E+02 0.082135 1.24E-01 
0.5 4.140258 64 -964.508 0.079329 0.120782 
0.6 5.113131 96 -333.491 0.073563 0.805341 
0.7 4.780225 97 -526.995 0.057998 0.826139 
0.8 5.064471 120 -360.905 0.080161 0.697941 
0.9 5.648726 166 -186.709 0.065553 0.99611 
1 5.415066 164 -227.395 0.048904 0.999872 
Table 3.2. Parameters suggested by the power law fitting function in R for the enzyme one-mode 
network corresponding to the plots in Fig. 3.13 at different nd values where alpha: exponent for 
the fitted power law distribution , xmin: lower bound for the power law fitting, logLik: log-
likelihood of fitted parameters, KS.stat: test statistic for the Kolmogorov Smirnov test between 
fitted and sample distribution and KS.p: p-value for the Kolmogorov Smirnov test between fitted 
and sample distribution. 
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 nd Value 
Metric Rank 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 
D
e
g
re
e
 
1 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 
2 EC 4.2.1.17 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 
3 EC 2.3.1.9 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 
4 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 5.4.2.2 EC 5.4.2.2 
5 EC 1.1.1.35 EC 2.4.1.17 EC 1.1.1.37 EC 1.1.1.37 EC 2.7.1.69 EC 2.7.1.69 EC 2.7.1.69 EC 2.7.1.69 EC 2.6.1.1 EC 2.6.1.1 
6 EC 2.4.1.17 EC 1.2.7.1 EC 1.2.7.1 EC 1.2.7.1 EC 1.1.1.37 EC 1.1.1.37 EC 1.1.1.37 EC 1.1.1.37 EC 2.7.1.69 EC 2.7.1.69 
7 EC 6.2.1.1 EC 1.1.1.35 EC 2.4.1.17 EC 2.4.1.17 EC 1.2.7.1 EC 2.4.1.17 EC 2.4.1.17 EC 2.4.1.17 EC 1.4.3.4 EC 1.4.3.4 
8 EC 2.6.1.19 EC 6.3.1.2 EC 1.1.1.35 EC 1.1.1.35 EC 2.4.1.17 EC 1.2.7.1 EC 1.2.7.1 EC 3.6.1.9 EC 1.1.1.37 EC 2.4.1.17 
9 EC 1.1.1.1 EC 6.2.1.1 EC 2.7.1.11 EC 1.8.1.4 EC 3.6.1.9 EC 3.6.1.9 EC 3.6.1.9 EC 1.2.7.1 EC 1.4.3.2 EC 1.4.3.2 
10 EC 2.6.1.57 EC 2.4.2.1 EC 1.8.1.4 EC 5.3.1.9 EC 1.1.1.35 EC 1.1.1.35 EC 1.1.1.35 EC 1.1.1.35 EC 2.4.1.17 EC 1.1.1.37 
C
lo
se
n
e
s s 1 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 2 EC 4.2.1.17 EC 2.6.1.1 EC 1.8.1.4 EC 1.8.1.4 EC 1.8.1.4 EC 1.8.1.4 EC 1.1.1.1 EC 1.1.1.1 EC 1.1.1.1 EC 1.1.1.1 
3 EC 2.6.1.1 EC 1.1.1.1 EC 2.6.1.1 EC 1.1.1.1 EC 1.1.1.1 EC 1.1.1.1 EC 1.8.1.4 EC 2.6.1.1 EC 5.4.2.2 EC 5.4.2.2 
4 EC 1.1.1.1 EC 2.3.1.9 EC 1.1.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 
5 EC 2.3.1.9 EC 1.2.1.5 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 4.2.1.17 EC 4.2.1.17 EC 1.8.1.4 EC 1.4.3.4 EC 1.4.3.4 
6 EC 2.6.1.19 EC 4.2.1.17 EC 1.1.1.37 EC 4.2.1.17 EC 4.2.1.17 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.6.1.1 EC 2.3.1.9 
7 EC 1.2.1.5 EC 1.2.7.1 EC 4.2.1.17 EC 1.1.1.37 EC 1.1.1.37 EC 2.7.1.40 EC 1.2.7.1 EC 1.2.1.5 EC 2.3.1.9 EC 2.6.1.1 
8 EC 6.2.1.1 EC 2.7.1.40 EC 1.2.7.1 EC 1.2.7.1 EC 2.7.1.40 EC 1.2.7.1 EC 2.7.1.40 EC 1.2.7.1 EC 1.8.1.4 EC 1.8.1.4 
9 EC 1.1.1.35 EC 6.2.1.1 EC 2.7.1.40 EC 2.7.1.40 EC 1.2.7.1 EC 1.1.1.37 EC 1.2.1.5 EC 2.7.1.40 EC 1.2.1.5 EC 1.2.1.5 
10 EC 1.2.1.16 EC 2.6.1.19 EC 1.2.1.5 EC 1.2.1.5 EC 1.1.1.27 EC 1.1.1.27 EC 1.1.1.37 EC 2.7.1.69 EC 1.4.3.2 EC 1.4.3.2 
B
e
tw
e
e
n
 1 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 EC 1.2.1.3 
2 EC 2.4.1.17 EC 2.4.1.17 EC 2.4.1.17 EC 2.4.1.17 EC 2.4.1.17 EC 2.4.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 
3 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 4.2.1.17 EC 2.4.1.17 EC 2.3.1.9 EC 2.3.1.9 EC 2.4.1.17 
4 EC 2.6.1.1 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.3.1.9 EC 2.4.1.17 EC 5.4.2.2 EC 2.3.1.9 
5 EC 2.3.1.9 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 2.6.1.1 EC 3.6.1.9 EC 3.6.1.9 EC 2.4.1.17 EC 5.4.2.2 
6 EC 1.1.1.1 EC 2.7.1.40 EC 2.7.1.40 EC 2.7.1.40 EC 3.6.1.9 EC 3.6.1.9 EC 2.6.1.1 EC 2.6.1.1 EC 1.2.3.1 EC 3.2.1.52 
7 EC 4.1.2.13 EC 1.1.1.1 EC 1.1.1.21 EC 2.7.1.2 EC 2.7.1.40 EC 2.7.1.69 EC 1.1.1.1 EC 1.2.3.1 EC 3.6.1.9 EC 3.2.1.31 
8 EC 1.1.1.21 EC 1.1.1.21 EC 2.3.1.51 EC 2.3.1.37 EC 2.3.1.37 EC 2.7.1.40 EC 2.7.1.69 EC 3.2.1.31 EC 2.6.1.1 EC 1.2.3.1 
9 EC 1.1.1.35 EC 5.3.1.9 EC 5.3.1.9 EC 1.1.1.21 EC 2.7.1.2 EC 2.7.1.2 EC 1.1.1.21 EC 1.1.1.1 EC 3.2.1.31 EC 3.6.1.9 
10 EC 1.2.1.18 EC 2.3.1.37 EC 1.1.1.1 EC 1.1.1.1 EC 2.7.1.69 EC 1.1.1.21 EC 2.7.1.40 EC 2.7.1.69 EC 3.2.1.52 EC 2.6.1.1 
Table 3.3. Network centrality metrics for the enzyme one-mode network extracted from the subnetwork-enzyme bipartite network. 
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CHAPTER 4: DISCUSSION 
  
 The new version of the metabolic MANET database has significantly increased its 
coverage of enzymatic entries for which there is domain structure and evolutionary age 
information available.  Larger coverage results mostly from increases in SCOP and KEGG 
records as well as usage of fold family domains in enzymes. Improvements in sophisticated 
hidden Markov model (HMMs) predictive methods have also contributed to this increase.  
It must be noted that the accuracy of metabolic tracings is dependent on the accuracy of 
data in the databases that were explored, i.e. SCOP and KEGG, which may be subject to 
experimental biases, sampling and mistakes in definition of units (Caetano-Anolles & Caetano-
Anolles, 2003). For example, although folds are often described as discrete units, some folds 
may exist in a rather continuous landscape of sequence space (Nagano et al., 2002). Similarly, 
the structures of most proteins that have been acquired are globular. Thus, proteins with 
structures that are experimentally difficult to analyze, such as membrane proteins, are necessarily 
underrepresented in databases and in HMM libraries. HMM predictions are not based on 
experimental data and there is also a factor of chance (quantified by the e-value threshold). 
However, HMM-based predictions of protein structure have demonstrated good performance 
when compared to the experimental counterparts (Kim et al., 2006). In addition, phylogenomic 
methods need to be carefully used in order to avoid phylogenetic artifacts. Pitfalls have been 
recently illustrated with „ancestral development‟ models of evolution that had been previously 
used to build trees of proteomes (Kim et al., 2014). Analyses also suggest that the „principle of 
continuity‟ models that drive the construction of the trees we use in the tracings of MANET are 
reliable and conform to sound evolutionary considerations. Moreover, phylogenomic findings are 
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recorded on the structural properties of present molecules that are assumed remnants of the 
ancestral ones. Therefore, findings should not be tied to the ancestral molecules themselves 
(Caetano-Anolles & Caetano-Anolles, 2013). Phylogenomics has strong dissecting evolutionary 
power (Caetano-Anolles et al., 2009). With time, addition to the body of knowledge of these 
databases is expected but it may not significantly affect the trends observed in these 
phylogenomic datasets (Nasir et al., 2011). Instead, increases in our knowledge of fold space will 
most likely expand the scope of our studies. 
Advancing evolutionary tracings in MANET from fold to fold family level of SCOP 
classification provide deeper insights into the origin, evolution and structure of metabolism. This 
becomes evident when visualizing ancestry values of enzymes on the metabolic maps. Since fold 
families are already highly conserved at the sequence level of structure and denote functional 
orthologous similarity, domains at this level are fit for use in evolutionary studies that dissect 
deeply embedded relationships portraying the history of proteins and closely associated 
molecular functions (Caetano-Anollés & Nasir, 2012). The essence of this benefit may not be 
entirely captured by the higher-level folds and fold superfamilies. The potential of fold families 
is demonstrated by the interplay of phylogenomic reconstruction of trees of proteomes and their 
domain component parts that reveals the dominant number of domain gains over domain losses 
in evolution (Nasir et al., 2014). The vast number of gains supports the notion of an initial “burst 
of enzymatic innovation” during the origin of metabolism that was observed earlier (Caetano- 
Anollés et al., 2007; Kim et al., 2013). This is reflected in our global analysis of enzyme 
distributions across ancestry values, which show a significant number of enzymes harboring 
these domains at nd = 0.1, the most ancient era of the timeline (Fig. 3.4). In fact, Fig. 3.6 shows 
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enzymes of ancestral origin (in red) that originated during the initial enzymatic burst dominating 
the evolutionary landscape, even if the initial burst declines in the timeline.  
The bipartite networks of enzyme sharing between mesonetworks and subnetworks do 
not reveal a sequential historical pattern of enzyme acquisition or pathway initiation. In turn, 
pathways in subnetworks of metabolism are patchworks of enzymes that originated at various 
eras along the evolutionary timeline. This patchwork of enzymatic evolution is also evident from 
the significant enzymatic sharing taking place at the mesonetwork and the subnetwork levels. 
The high number of enzymes of carbohydrate and amino acid metabolism (Fig. 3.7) is consistent 
with previous findings in which the ages of fold superfamilies were used (Kim et al., 2007; Kim 
et al. 2013). It is also interesting to note that more than half of the domains of enzymes 
associated with nucleotide metabolism appear early during the nd = 0.1 and nd = 0.2 eras (Fig. 
3.5), reinforcing the hypothesis that nucleotide metabolism is one if not the most ancient 
mesonetwork of early metabolism (Kim et al., 2007). This is also suggestive of the idea that the 
rise of the protein world prior to that of the RNA world is more parsimonious and therefore more 
likely to explain the origin of life during prebiotic times (Caetano-Anollés & Caetano-Anollés, 
2013). We also observe a noticeable number of enzymes evolving from the lipid metabolism 
mesonetwork (LIM) at nd = 0.1, compared to the total number of its enzymes (Fig. 3.5). 
When bringing findings into a global perspective, our results support the concept of 
metabolic “shells” proposed by Morowitz (1999). According to him, a catalytic “energy 
amphiphilic” shell that includes chemical reactions from the glycolysis, citric acid cycle and fatty 
acid biosynthesis subnetworks was first developed. A second metabolic layer enhanced the initial 
shell by adding metabolic pathways of amino acid synthesis. A third and fourth shell finally 
added transfer of sulfur to sulfur-containing amino acids (cysteine and methionine) and ring 
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formation processes needed for purine and pyrimidine synthesis. While the patchy patterns of 
enzyme sharing may obscure the clear visualization of these metabolic shells, patterns in the 
early accumulation of enzymes in the carbohydrate, amino acid and lipid mesonetworks (CAM, 
AAM and LIM) are in line with Morowitz‟s shell hypothesis. This is further supported by the 
analysis of the metabolic subnetwork wheel for the P-loop hydrolase fold that suggests that the 
citric acid cycle (TCA) is a likely candidate to have evolved earlier than other subnetworks 
(Caetano-Anolles et al., 2007). The development of the amino acid metabolic pathways preceded 
by the TCA cycle was prominently observed in a study that recorded enzyme sharing of 
mesonetworks at different points in the evolutionary timeline (Kim et al., 2013). This adds to 
previous observations of grouping assembly of subnetworks when studying the metabolic 
subnetwork wheel for the TIM β/α-barrel fold (Caetano-Anolles et al., 2009b). These congruent 
observations are interesting because Morowitz‟s concept of shells applies to a prebiotic world 
without enzymes. The fact that evolutionary patterns of a prebiotic world match those of the 
modern world therefore suggest metabolism of today is a “palimpsest of ancient metabolisms”.  
A similar phenomenon has also been hypothesized in which the development of the citric 
acid cycle is followed by amino acid metabolism and then nucleotide metabolism (Hartman, 
1975). In nucleotide metabolism, purine metabolism precedes pyrimidine metabolism as the 
enzymes for the latter pathway have been postulated to be recruited by the former pathway based 
on phylogenomic retrodiction, prebiotic evidence and biochemical reasoning (Caetano-Anollés 
& Caetano-Anollés, 2013). This primordial association explains the most dominant sharing 
pattern of enzymes that exists between any two subnetworks in all subnetworks of metabolism 
(Fig. 3.9). This pattern, which is also evident in the clustering diagrams of Fig. 3.10 and Fig. 
3.11, also reinforces the hypothesis that primordial recruitment drove the origin of modern 
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metabolism. The patchy exchange of enzymes among subnetworks in the clustering output also 
supports the inferences derived from the bipartite network visualizations. Strong enzymatic 
sharing patterns of the pathways of carbohydrate, amino acid and energy metabolism established 
a separate cluster (Fig. 3.10), which has also been observed in another study of enzymatic 
sharing in metabolic pathways (Peregrín-Alvarez et al., 2009). In addition, we found that 
xenobiotic degradation forms its own cluster (Fig. 3.11). This adds strength to the recruitment 
model of evolution as enzymes demonstrate sharing beyond not just pathway delineations but 
across mesonetwork boundaries as well. This hierarchical clustering may also be indicative of 
clusters that may act together to achieve certain functions (Guimera & Amaral, 2005), which 
may not be apparent due to the prevalent classification of subnetworks into mesonetworks. The 
hierarchical clustering may also be suggestive of a hierarchical community structure with 
modularity based on functionality (Ravasz et al., 2002). 
It is interesting to note that 10 out of the 21 subnetworks of the secondary metabolites 
mesonetwork (MSM) covered in metabolic MANET appear late in evolution. It has been 
postulated that secondary metabolism has been derived from primary metabolism and that 
secondary metabolites endow the organism with a “selective advantage” for survival, such as 
development of resistance to antibiotics in bacteria  (Stone & Williams, 1992). A unifying model 
has also been proposed suggesting that these pathways became active once the environment 
supplied suitable substrates (Firn & Jones, 2000). Prior to this point the organisms had only 
developed the enzyme machinery necessary for survival and as the substrate became available, 
for the initiation of these core pathways. This also explains why some of these subnetworks 
established later along the timeline, exhibit less or no enzyme sharing at all, due to this conferral 
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of special advantage onto specific organisms. This is apparent from the (lack of) connectivity 
patterns of these subnetworks.  
Contrary to the studies that record a preferential attachment mechanism at work (Jeong et 
al., 2000; Light et al., 2005), our mappings of enzyme sharing along the evolutionary timeline do 
not appear to follow the power law distribution. Instead, they reflect a power law with 
exponential cut-off that is typical of co-authorship networks (Strogatz, 2001). However, it is 
interesting that there is some indication of small world-like behavior at nd = 0.2 and nd = 0.9 that 
exhibit decreased average path length, along with the global gradual rise in the clustering 
coefficient. Small world properties have been previously observed as well, whilst investigating 
the metabolite and reaction perspective of metabolism (Wagner & Fell, 2001), rather than an 
ancestry one. Moreover, a high clustering coefficient is indicative of hierarchical modularity, 
which is often observed in biological networks (Barabasi & Oltvai, 2004). Although hierarchical 
modularity may arise in scale-free topologies, it is not necessarily a by-product of the scale-free 
property (Junker & Schreiber, 2008). Therefore, this steady rise of the clustering coefficient may 
suggest modularity in metabolism is as time progress, i.e. a property that unfolds gradually in 
evolution. 
When one considers that the age of an enzyme is the age of the oldest domain of that 
enzyme, the prominent enzymatic functions in our metabolic network reconstruction belonged 
mostly to the oldest domains corresponding to the oldest eras. These patterns were already 
evident in prior versions of MANET (Kim et al., 2013). The most popular enzymatic function 
among them for all centrality measures in the one-mode enzyme network is the oxidoreductase 
EC 1.2.1.3 activity. The enzymes harboring this enzymatic function consist of two domains, one 
of which belongs to the ancient fold family c.82.1.1 (nd = 0.029). The c.82.1.1 is part of the 
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enzymes in the energy interconversion pathways of purine metabolism that have been considered 
the most ancestral of the subnetwork (Caetano-Anollés & Caetano-Anollés, 2013). The reaction 
it catalyzes produces NADH as one of its by-products. Two other oxidoreductases are important 
in this network reconstruction, namely, EC 1.8.1.4 (fold family: b.84.1.1, nd=0.23) and EC 
1.1.1.1 (fold family: c.2.1.2, nd=0.004), which also produce NADH as a reaction by-product. In 
addition, EC 2.3.1.9 (fold family: c.95.1.1, nd=0.091) and EC 2.6.1.1 (fold families: c.67.1.3 and 
c.67.1.1, nd=0.036) responsible for catalyzing reactions producing other hub metabolites such as 
CoA and glutamate, respectively, also hold a significant role in the network. Hub metabolites 
may serve as a factor for evolution of newer pathways, encouraging sharing of enzymes 
(Schmidt et al. 2003). This explains the popularity of these enzymes in our network. It also 
reinforces the patchwork theory of evolution. The nd values indicate that NADH, when 
compared to CoA and glutamate, dates further back in the evolutionary timeline as a hub 
metabolite. It has been previously observed as well that most common substrates found in 
metabolism have high connectivity (Jeong et al. 2000). This shows similarity to the common by-
products, and potentially subsrates, indicated by our observations of enzymes in the enzyme one-
mode network. However, there is also the possibility of studying relatively lesser connected 
enzymes since metabolites that take part in fewer reactions but facilitate connectivity across 
modules have been found to be conserved (Guimera & Amaral, 2005). 
Our database and approach add to the toolkit of data mining strategies that could be 
exploited to investigate and answer questions about the origin and evolution of modern 
metabolism. These questions include for example the centrality of a primitive reductive citric 
acid cycle (rTCA) for the origin of prebiotic metabolism (Morowitz, et al., 2000) and the study 
of ATP synthesis to explain the presence of chloroplast and mitochondrial genomes (Allen, 
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2003). The study of metabolic pathways linked to photosynthesis (Allen, 2005) may also help 
explain the rise of planetary oxygen in our planet (Kim et al., 2012). The feasibility of answering 
these questions is high. MANET has been already used successfully to show that metabolism is 
highly conserved and constitutes a palimpsest of older prebiotic metabolisms (Caetano-Anolles 
et al., 2009b). This demonstrates the potential of MANET for metabolic evolutionary studies. 
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CHAPTER 5: CONCLUSION 
 
 Metabolic MANET defines metabolism with a unique perspective of tracing enzymatic 
history onto metabolic pathways, making use of information derived from four data sources, 
KEGG, SCOP, PDBsum and structural phylogenomic reconstructions. The MANET resource 
provides a wealth of information for researchers interested in pursuing evolutionary studies with 
the increased resolving power introduced by the usage of fold family domain data.  
MANET is however dependent on the monophyletic nature of the protein structural 
classification and the categorization of protein structural variants in discrete identifiable 
structural and evolutionary modules, the protein domains. In particular, the protein world may be 
“continuous” in some areas of sequence space (Nagano et al., 2002), complicating the definition 
of certain groups of domains. MANET is also contingent upon the accuracy of the KEGG, SCOP 
and PDBsum databases from which most of the building blocks have been derived. The 
phylogenomic studies based on global fold analysis are restricted in their own right to properly 
showcase shared and derived patterns (Caetano-Anolles et al., 2009). Furthermore, membrane 
proteins may not be represented in these analyses. Despite shortcomings, these limitations do not 
majorly affect the trends observed (Nasir et al., 2011). We therefore caution the reader that when 
interpreting results the attention should be on the global patterns rather than on the details. 
Metabolic MANET has the potential to provide answers to difficult questions in 
evolutionary genomics and network biology, such as the primordial centrality of a citric acid 
cycle working in reverse to give rise to crucial pathways responsible for amino acid and 
nucleotide biosynthesis (Morowitz et al. 2000) or the existence of core and peripheral patterns of 
connectivity that define metabolic functional modules (Guimera & Amaral, 2005). The high 
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conservation of relatively less connected enzymes found across modules that catalyze fewer 
reactions demands an explanation (Guimera & Amaral, 2005). Similarly, the substrate and by-
product biochemistry of the enzymes could be studied to study links to the network organization 
(Ravasz et al., 2002) with respect to ancestry. It may indicate whether ancestry affects 
classification of substrates (or by-products) into their biochemical class upon analyzing 
hierarchical clustering, as we have been done for subnetworks. 
We end by noting that it would be interesting to study the evolution of metabolic 
networks at the fold superfamily level. The higher conservation of this level of structural 
abstraction offer the possibility to study evolutionarily deep metabolic processes in search for 
basic metabolic design principles. Similarly, the study of patterns of metabolic evolution in 
various organisms from the three superkingdoms (Jeong et al., 2000; Guimera & Amaral 2005; 
Ravasz et al., 2002) could provide insights into the universality of the patterns of enzymatic 
sharing we here disclose. Finally, expansion of the new metabolic MANET to include signaling 
networks could help gain further insight into the make up and the rules of biological networking.   
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APPENDIX A: PAINTING EFFICIENCY 
Table A.1. Painting efficiency of metabolic MANET compared to total number of nodes in 
KEGG metabolic pathways 
KEGG Pathway 
Nodes in 
MANET 
Nodes in 
KEGG 
% 
Coverage 
map00010  Glycolysis / Gluconeogenesis 45 45 100 
map00020  Citrate cycle (TCA cycle) 22 23 95.65 
map00030  Pentose phosphate pathway 37 40 92.5 
map00040  Pentose and glucuronate interconversions 48 56 85.71 
map00051  Fructose and mannose metabolism 51 64 79.69 
map00052  Galactose metabolism 34 37 91.89 
map00053  Ascorbate and aldarate metabolism 32 40 80 
map00061  Fatty acid biosynthesis 14 14 100 
map00062  Fatty acid elongation 11 13 84.62 
map00071  Fatty acid degradation 24 29 82.76 
map00072  Synthesis and degradation of ketone bodies 6 6 100 
map00073  Cutin, suberine and wax biosynthesis 3 7 42.86 
map00100  Steroid biosynthesis 15 23 65.22 
map00120  Primary bile acid biosynthesis 18 19 94.74 
map00121  Secondary bile acid biosynthesis 2 4 50 
map00130  Ubiquinone and other terpenoid-quinone 
biosynthesis 
20 28 71.43 
map00140  Steroid hormone biosynthesis 27 36 75 
map00190  Oxidative phosphorylation 10 12 83.33 
map00195  Photosynthesis 3 3 100 
map00230  Purine metabolism 92 103 89.32 
map00231  Puromycin biosynthesis 1 1 100 
map00232  Caffeine metabolism 4 11 36.36 
map00240  Pyrimidine metabolism 58 63 92.06 
map00250  Alanine, aspartate and glutamate metabolism 40 45 88.89 
map00253  Tetracycline biosynthesis 1 2 50 
map00260  Glycine, serine and threonine metabolism 55 59 93.22 
map00270  Cysteine and methionine metabolism 56 65 86.15 
map00280  Valine, leucine and isoleucine degradation 31 34 91.18 
map00281  Geraniol degradation 7 9 77.78 
map00290  Valine, leucine and isoleucine biosynthesis 12 14 85.71 
map00300  Lysine biosynthesis 24 27 88.89 
map00310  Lysine degradation 40 51 78.43 
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Table A.1. contd. 
KEGG Pathway 
Nodes in 
MANET 
Nodes in 
KEGG 
% 
Coverage 
map00311  Penicillin and cephalosporin biosynthesis 10 14 71.43 
map00312  beta-Lactam resistance 1 1 100 
map00330  Arginine and proline metabolism 90 102 88.24 
map00331  Clavulanic acid biosynthesis 3 4 75 
map00340  Histidine metabolism 26 34 76.47 
map00350  Tyrosine metabolism 40 59 67.8 
map00351  DDT degradation 1 1 100 
map00360  Phenylalanine metabolism 46 63 73.02 
map00361  Chlorocyclohexane and chlorobenzene 
degradation 
17 22 77.27 
map00362  Benzoate degradation 44 56 78.57 
map00363  Bisphenol degradation 3 3 100 
map00364  Fluorobenzoate degradation 12 14 85.71 
map00380  Tryptophan metabolism 39 58 67.24 
map00400  Phenylalanine, tyrosine and tryptophan 
biosynthesis 
30 37 81.08 
map00401  Novobiocin biosynthesis 6 12 50 
map00402  Benzoxazinoid biosynthesis 5 8 62.5 
map00410  beta-Alanine metabolism 29 36 80.56 
map00430  Taurine and hypotaurine metabolism 14 19 73.68 
map00440  Phosphonate and phosphinate metabolism 10 18 55.56 
map00450  Selenocompound metabolism 18 18 100 
map00460  Cyanoamino acid metabolism 16 25 64 
map00471  D-Glutamine and D-glutamate metabolism 7 12 58.33 
map00472  D-Arginine and D-ornithine metabolism 6 8 75 
map00473  D-Alanine metabolism 4 6 66.67 
map00480  Glutathione metabolism 30 37 81.08 
map00500  Starch and sucrose metabolism 69 74 93.24 
map00510  N-Glycan biosynthesis 16 34 47.06 
map00511  Other glycan degradation 9 9 100 
map00512  Mucin type O-Glycan biosynthesis 4 7 57.14 
map00513  Various types of N-glycan biosynthesis 15 22 68.18 
map00514  Other types of O-glycan biosynthesis 6 10 60 
map00520  Amino sugar and nucleotide sugar metabolism 81 104 77.88 
map00521  Streptomycin biosynthesis 14 18 77.78 
map00522  Biosynthesis of 12-, 14- and 16-membered 
macrolides 
2 8 25 
map00523  Polyketide sugar unit biosynthesis 5 10 50 
map00524  Butirosin and neomycin biosynthesis 2 24 8.33 
map00531  Glycosaminoglycan degradation 12 15 80 
map00532  Glycosaminoglycan biosynthesis - chondroitin 
sulfate / dermatan sulfate 
9 12 75 
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Table A.1. contd. 
KEGG Pathway 
Nodes in 
MANET 
Nodes in 
KEGG 
% 
Coverage 
map00533  Glycosaminoglycan biosynthesis - keratan 
sulfate 
4 6 66.67 
map00534  Glycosaminoglycan biosynthesis - heparan 
sulfate / heparin 
8 11 72.73 
map00540  Lipopolysaccharide biosynthesis 18 23 78.26 
map00550  Peptidoglycan biosynthesis 15 18 83.33 
map00561  Glycerolipid metabolism 27 35 77.14 
map00562  Inositol phosphate metabolism 35 41 85.37 
map00563  Glycosylphosphatidylinositol(GPI)-anchor 
biosynthesis 
3 3 100 
map00564  Glycerophospholipid metabolism 41 58 70.69 
map00565  Ether lipid metabolism 8 22 36.36 
map00590  Arachidonic acid metabolism 23 26 88.46 
map00591  Linoleic acid metabolism 7 13 53.85 
map00592  alpha-Linolenic acid metabolism 10 10 100 
map00600  Sphingolipid metabolism 21 26 80.77 
map00601  Glycosphingolipid biosynthesis - lacto and 
neolacto series 
8 15 53.33 
map00603  Glycosphingolipid biosynthesis - globo series 9 12 75 
map00604  Glycosphingolipid biosynthesis - ganglio series 5 8 62.5 
map00620  Pyruvate metabolism 50 62 80.65 
map00621  Dioxin degradation 10 11 90.91 
map00622  Xylene degradation 11 16 68.75 
map00623  Toluene degradation 16 23 69.57 
map00624  Polycyclic aromatic hydrocarbon degradation 12 19 63.16 
map00625  Chloroalkane and chloroalkene degradation 13 16 81.25 
map00626  Naphthalene degradation 5 9 55.56 
map00627  Aminobenzoate degradation 32 49 65.31 
map00630  Glyoxylate and dicarboxylate metabolism 49 66 74.24 
map00633  Nitrotoluene degradation 5 5 100 
map00640  Propanoate metabolism 40 46 86.96 
map00642  Ethylbenzene degradation 3 6 50 
map00643  Styrene degradation 14 17 82.35 
map00650  Butanoate metabolism 45 52 86.54 
map00660  C5-Branched dibasic acid metabolism 9 18 50 
map00670  One carbon pool by folate 22 24 91.67 
map00680  Methane metabolism 62 75 82.67 
map00710  Carbon fixation in photosynthetic organisms 25 25 100 
map00720  Carbon fixation pathways in prokaryotes 41 43 95.35 
map00730  Thiamine metabolism 15 17 88.24 
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Table A.1. contd. 
KEGG Pathway 
Nodes in 
MANET 
Nodes in 
KEGG 
% 
Coverage 
map00740  Riboflavin metabolism 19 21 90.48 
map00750  Vitamin B6 metabolism 17 25 68 
map00760  Nicotinate and nicotinamide metabolism 41 47 87.23 
map00770  Pantothenate and CoA biosynthesis 22 30 73.33 
map00780  Biotin metabolism 16 19 84.21 
map00785  Lipoic acid metabolism 3 3 100 
map00790  Folate biosynthesis 18 21 85.71 
map00791  Atrazine degradation 8 8 100 
map00830  Retinol metabolism 10 13 76.92 
map00860  Porphyrin and chlorophyll metabolism 61 77 79.22 
map00900  Terpenoid backbone biosynthesis 30 43 69.77 
map00901  Indole alkaloid biosynthesis 5 17 29.41 
map00902  Monoterpenoid biosynthesis 12 36 33.33 
map00903  Limonene and pinene degradation 9 16 56.25 
map00904  Diterpenoid biosynthesis 13 43 30.23 
map00906  Carotenoid biosynthesis 16 36 44.44 
map00908  Zeatin biosynthesis 4 9 44.44 
map00909  Sesquiterpenoid and triterpenoid biosynthesis 14 69 20.29 
map00910  Nitrogen metabolism 34 36 94.44 
map00920  Sulfur metabolism 31 42 73.81 
map00930  Caprolactam degradation 9 15 60 
map00940  Phenylpropanoid biosynthesis 16 30 53.33 
map00941  Flavonoid biosynthesis 15 20 75 
map00942  Anthocyanin biosynthesis 2 16 12.5 
map00943  Isoflavonoid biosynthesis 4 18 22.22 
map00944  Flavone and flavonol biosynthesis 5 31 16.13 
map00945  Stilbenoid, diarylheptanoid and gingerol 
biosynthesis 
5 12 41.67 
map00950  Isoquinoline alkaloid biosynthesis 21 50 42 
map00960  Tropane, piperidine and pyridine alkaloid 
biosynthesis 
17 27 62.96 
map00965  Betalain biosynthesis 3 3 100 
map00966  Glucosinolate biosynthesis 2 8 25 
map00980  Metabolism of xenobiotics by cytochrome P450 10 10 100 
map00981  Insect hormone biosynthesis 1 5 20 
map00982  Drug metabolism - cytochrome P450 8 8 100 
map00983  Drug metabolism - other enzymes 19 19 100 
map00984  Steroid degradation 7 10 70 
map01040  Biosynthesis of unsaturated fatty acids 12 13 92.31 
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Table A.1. contd. 
KEGG Pathway 
Nodes in 
MANET 
Nodes in 
KEGG 
% 
Coverage 
map01051  Biosynthesis of ansamycins 2 3 66.67 
map01053  Biosynthesis of siderophore group nonribosomal 
peptides 
5 5 100 
map01055  Biosynthesis of vancomycin group antibiotics 1 1 100 
map01057  Biosynthesis of type II polyketide products 1 8 12.5 
map01058  Acridone alkaloid biosynthesis 1 3 33.33 
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APPENDIX B: SUBNETWORK GRAPHS 
 
 
Figure B.1. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.1. 
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Figure B.2. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.2. 
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Figure B.3. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.3. 
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Figure B.4. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.4.  
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Figure B.5. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.5. 
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Figure B.6. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.6. 
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Figure B.7. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.7.  
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Figure B.8. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.8.  
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Figure B.9. Connectivity pattern of the subnetwork one-mode graph extracted from the subnetwork-enzyme bipartite network at nd = 
0.9. 
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APPENDIX C: MAP LEGEND 
Table C.1. Pathway names with their associated map numbers. 
Map Number Pathway 
AAM00250  Alanine, aspartate and glutamate metabolism 
AAM00260  Glycine, serine and threonine metabolism 
AAM00270  Cysteine and methionine metabolism 
AAM00280  Valine, leucine and isoleucine degradation 
AAM00290  Valine, leucine and isoleucine biosynthesis 
AAM00300  Lysine biosynthesis 
AAM00310  Lysine degradation 
AAM00330  Arginine and proline metabolism 
AAM00340  Histidine metabolism 
AAM00350  Tyrosine metabolism 
AAM00360  Phenylalanine metabolism 
AAM00380  Tryptophan metabolism 
AAM00400  Phenylalanine, tyrosine and tryptophan biosynthesis 
BSM00231  Puromycin biosynthesis 
BSM00232  Caffeine metabolism 
BSM00311  Penicillin and cephalosporin biosynthesis 
BSM00312  beta-Lactam resistance 
BSM00331  Clavulanic acid biosynthesis 
BSM00401  Novobiocin biosynthesis 
BSM00402  Benzoxazinoid biosynthesis 
BSM00521  Streptomycin biosynthesis 
BSM00524  Butirosin and neomycin biosynthesis 
BSM00901  Indole alkaloid biosynthesis 
BSM00940  Phenylpropanoid biosynthesis 
BSM00941  Flavonoid biosynthesis 
BSM00942  Anthocyanin biosynthesis 
BSM00943  Isoflavonoid biosynthesis 
BSM00944  Flavone and flavonol biosynthesis 
BSM00945  Stilbenoid, diarylheptanoid and gingerol biosynthesis 
BSM00950  Isoquinoline alkaloid biosynthesis 
BSM00960  Tropane, piperidine and pyridine alkaloid biosynthesis 
BSM00965  Betalain biosynthesis 
BSM00966  Glucosinolate biosynthesis 
BSM01058  Acridone alkaloid biosynthesis 
CAM00010  Glycolysis / Gluconeogenesis 
CAM00020  Citrate cycle (TCA cycle) 
CAM00030  Pentose phosphate pathway 
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Table C.1. contd. 
Map Number Pathway 
CAM00040  Pentose and glucuronate interconversions 
CAM00051  Fructose and mannose metabolism 
CAM00052  Galactose metabolism 
CAM00053  Ascorbate and aldarate metabolism 
CAM00500  Starch and sucrose metabolism 
CAM00520  Amino sugar and nucleotide sugar metabolism 
CAM00562  Inositol phosphate metabolism 
CAM00620  Pyruvate metabolism 
CAM00630  Glyoxylate and dicarboxylate metabolism 
CAM00640  Propanoate metabolism 
CAM00650  Butanoate metabolism 
CAM00660  C5-Branched dibasic acid metabolism 
ENM00190  Oxidative phosphorylation 
ENM00195  Photosynthesis 
ENM00680  Methane metabolism 
ENM00710  Carbon fixation in photosynthetic organisms 
ENM00720  Carbon fixation pathways in prokaryotes 
ENM00910  Nitrogen metabolism 
ENM00920  Sulfur metabolism 
GBM00510  N-Glycan biosynthesis 
GBM00511  Other glycan degradation 
GBM00512  Mucin type O-Glycan biosynthesis 
GBM00513  Various types of N-glycan biosynthesis 
GBM00514  Other types of O-glycan biosynthesis 
GBM00531  Glycosaminoglycan degradation 
GBM00532  Glycosaminoglycan biosynthesis - chondroitin sulfate / dermatan sulfate 
GBM00533  Glycosaminoglycan biosynthesis - keratan sulfate 
GBM00534  Glycosaminoglycan biosynthesis - heparan sulfate / heparin 
GBM00540  Lipopolysaccharide biosynthesis 
GBM00550  Peptidoglycan biosynthesis 
GBM00563  Glycosylphosphatidylinositol(GPI)-anchor biosynthesis 
GBM00601  Glycosphingolipid biosynthesis - lacto and neolacto series 
GBM00603  Glycosphingolipid biosynthesis - globo series 
GBM00604  Glycosphingolipid biosynthesis - ganglio series 
LIM00061  Fatty acid biosynthesis 
LIM00062  Fatty acid elongation 
LIM00071  Fatty acid degradation 
LIM00072  Synthesis and degradation of ketone bodies 
LIM00073  Cutin, suberine and wax biosynthesis 
LIM00100  Steroid biosynthesis 
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Table C.1. contd. 
Map Number Pathway 
LIM00120  Primary bile acid biosynthesis 
LIM00121  Secondary bile acid biosynthesis 
LIM00140  Steroid hormone biosynthesis 
LIM00561  Glycerolipid metabolism 
LIM00564  Glycerophospholipid metabolism 
LIM00565  Ether lipid metabolism 
LIM00590  Arachidonic acid metabolism 
LIM00591  Linoleic acid metabolism 
LIM00592  alpha-Linolenic acid metabolism 
LIM00600  Sphingolipid metabolism 
LIM01040  Biosynthesis of unsaturated fatty acids 
MCV00130  Ubiquinone and other terpenoid-quinone biosynthesis 
MCV00670  One carbon pool by folate 
MCV00730  Thiamine metabolism 
MCV00740  Riboflavin metabolism 
MCV00750  Vitamin B6 metabolism 
MCV00760  Nicotinate and nicotinamide metabolism 
MCV00770  Pantothenate and CoA biosynthesis 
MCV00780  Biotin metabolism 
MCV00785  Lipoic acid metabolism 
MCV00790  Folate biosynthesis 
MCV00830  Retinol metabolism 
MCV00860  Porphyrin and chlorophyll metabolism 
OAA00410  beta-Alanine metabolism 
OAA00430  Taurine and hypotaurine metabolism 
OAA00440  Phosphonate and phosphinate metabolism 
OAA00450  Selenocompound metabolism 
OAA00460  Cyanoamino acid metabolism 
OAA00471  D-Glutamine and D-glutamate metabolism 
OAA00472  D-Arginine and D-ornithine metabolism 
OAA00473  D-Alanine metabolism 
OAA00480  Glutathione metabolism 
MTP00253  Tetracycline biosynthesis 
MTP00281  Geraniol degradation 
MTP00522  Biosynthesis of 12-, 14- and 16-membered macrolides 
MTP00523  Polyketide sugar unit biosynthesis 
MTP00900  Terpenoid backbone biosynthesis 
MTP00902  Monoterpenoid biosynthesis 
MTP00903  Limonene and pinene degradation 
MTP00904  Diterpenoid biosynthesis 
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Table C.1. contd. 
Map Number Pathway 
MTP00906  Carotenoid biosynthesis 
MTP00908  Zeatin biosynthesis 
MTP00909  Sesquiterpenoid and triterpenoid biosynthesis 
MTP00981  Insect hormone biosynthesis 
MTP01051  Biosynthesis of ansamycins 
MTP01053  Biosynthesis of siderophore group nonribosomal peptides 
MTP01055  Biosynthesis of vancomycin group antibiotics 
MTP01057  Biosynthesis of type II polyketide products 
NUM00230  Purine metabolism 
NUM00240  Pyrimidine metabolism 
XBM00351  DDT degradation 
XBM00361  Chlorocyclohexane and chlorobenzene degradation 
XBM00362  Benzoate degradation 
XBM00363  Bisphenol degradation 
XBM00364  Fluorobenzoate degradation 
XBM00621  Dioxin degradation 
XBM00622  Xylene degradation 
XBM00623  Toluene degradation 
XBM00624  Polycyclic aromatic hydrocarbon degradation 
XBM00625  Chloroalkane and chloroalkene degradation 
XBM00626  Naphthalene degradation 
XBM00627  Aminobenzoate degradation 
XBM00633  Nitrotoluene degradation 
XBM00642  Ethylbenzene degradation 
XBM00643  Styrene degradation 
XBM00791  Atrazine degradation 
XBM00930  Caprolactam degradation 
XBM00980  Metabolism of xenobiotics by cytochrome P450 
XBM00982  Drug metabolism - cytochrome P450 
XBM00983  Drug metabolism - other enzymes 
XBM00984  Steroid degradation 
 
